Abstract Plant genetic resources display patterns resulting from ecological and coevolutionary processes. Such patterns are instrumental in tracing the origin and diversity of crops and locating adaptive traits. With climate change and the anticipated increase in demand for food, new crop varieties will be needed to perform under unprecedented climatic Climatic Change (2016) 134:667-680 DOI 10.1007/s10584-015-1541 Electronic supplementary material The online version of this article (doi:10.1007/s10584-015-1541-9) contains supplementary material, which is available to authorized users. conditions. In the present study, we explored genetic resources patterns to locate traits of adaptation to drought and to maximize the utilization of plant genetic resources lacking ex ante evaluation for emerging climate conditions. This approach is based on the use of mathematical models to predict traits as response variables driven by stochastic ecological and coevolutionary processes. The high congruence of metrics between model predictions and empirical trait evaluations confirms in silico evaluation as an effective tool to manage large numbers of crop accessions lacking ex ante evaluation. This outcome will assist in developing cultivars adaptable to various climatic conditions and in the ultimate use of genetic resources to sustain agricultural productivity under conditions of climate change.
Introduction
Natural genetic variation, as a core component of biodiversity, displays patterns within boundaries defined by ecological and co-evolutionary processes (Darwin 1859; Harlan 1992) . Such patterns have been used in tracing the origin and diversity of crops (Vavilov 1922; Harlan 1992 ) and in discovering rare adaptive traits including novel variants of genes (Qualset 1975; Bhullar et al. 2010) .
The presence of spatial distribution patterns of traits allows predictions of likely sources of crop germplasm with adaptive traits for given climatic conditions (MacArthur 1972; Anderssen and Edwards 2012; Chave 2013) . A trait as a response variable is driven by stochastic ecological and co-evolutionary processes (Dieckmann and Law 1996) , where a stochastic process is a collection of random variables such as climate variables taking values in a common measurable space S, which in this case is the set of spatial coordinates of the site (Insua et al. 2012 ) from which the accessions were sampled. Dieckmann and Law (1996) envisaged the stochastic ecological and co-evolutionary processes as a directed random walk in a trait space, which can be described by a canonical diffusion mathematical equation that captures the rate of change of the expected trait value through time (Champagnat et al. 2001; Champagnat and Lambert 2007) .
Plant genetic resources (PGR) are the source of genes that can have impressive impacts on plant crop yields, such as the Bdwarfing^genes, found in the Japanese wheat landrace Norin 10 (Hoisington et al. 1999) . These resources provide opportunities to access and identify traits of adaptation to stresses associated with climate change such as drought (Khazaei et al. 2013) . Nevertheless, the lack of their evaluation for chosen traits has been highlighted as the most prevalent and long-standing impediment to their effective use in plant improvement (Koo and Wright 2000; Keilwagen et al. 2014) . Crop simulation models combined with high resolution climate change scenarios may help to identify key traits that are important under drought and high temperature stress in crops (Semenov and Halford, 2009 ).
The present study uses the faba bean crop (Vicia faba L.) to test the predictions of the mathematical model. The faba bean, a widely grown food legume crop in the dry areas, is considered as one of the most likely crops to be impacted by the climate change (Duc et al. 2011) , and is thus a suitable and timely case for seeking natural genetic variation in traits related to adaptation to climate change (Khazaei et al. 2013) . The approach to assess genetic resources for climate change related traits is based on exploring the dependence between the desired traits and the environment as an evolutionary co-driver prevailing in the collection sites of the faba bean accessions (Khazaei et al. 2013 , Henry & Nevo 2014 . If this dependence exists, it should be possible to predict the values that could be assigned in silico to those accessions lacking evaluation for traits of adaptation to changing climate conditions.
Methodologies

Data and data preparation
A cumulative dataset from experiments on faba bean is used to explore the link between trait expression (Y) and environment (X) (Khazaei et al. 2013 ). There were 400 accessions, of which 100 were used to detect the presence of pattern (i.e., link between Y and X) in the data as the Btraining set^, and the pattern or dependence detected together with a new X was then used in turn to assign values, as predictive probabilities of having the sought-after drought traits, to another Bunknown test set^of 300 accessions simulated to lack evaluation. This latter set of 300 accessions was grown for evaluation, beside the first set, to test the predictions for their accuracy and agreement with the actual evaluation data. The 400 accessions were originally selected on the basis of extreme Bwet^and Bdry^environmental profiles using a clustering algorithm, so they were not a random set. The accessions allocated to any one cluster share phenotypic affinity vis a vis either presence or absence of the trait of tolerance to drought. The trait can also be considered as a representative variable with the additive influence of many genes with small effects (Brown et al. 1996) .
The trait data (Y) consists of a set of leaf morpho-physiological measurements that capture drought-adaptation related traits used previously (Khazaei et al. 2013) . These measurements span plant gas exchange properties, photosynthesis and phenology. The assertion of the presence and absence of the traits of drought tolerance in the accessions was tested and validated (Khazaei et al. 2013) .
The environmental data (X) ( Table 1) are long-term climate data of the original collection sites where the accessions are considered to have evolved. Two types of climate data were used, namely the ICARDA climate surface data and the world climate surfaces (Hijmans et al. 2005) . The ICARDA surfaces were generated from meteorological stations data based on the 'thin-plate-smoothing spline' method (Hutchinson 2000) . The generation of surfaces included the use of terrain variables as auxiliary variables that were first converted into digital elevation models (DEM) to increase the precision of the interpolated values. The Worldclim data are also gridded data generated through interpolation of average monthly climate data from global networks of weather stations using the thin-plate smoothing spline procedure. All these climate datasets were of approximately 1 km square resolution (Table 2) . Prior to modelling, site climate data (Table 1) were extracted from the different climate surfaces and normalized in some cases by transformation to resolve both the skewness and measurement-scale differences among variables. Among the transformations used was the Box-Cox transformation (Osborne 2010 ) applied individually to the aridity (ari), precipitation (prec) and evapo-transpiration (pet) monthly values.
Principal component analysis was also performed on the transformed climatic variables and resulting principal components (PCs) were used as predictors in the neural network (NN) model. The predictive model NB (Naive Bayes) was applied to the entire faba bean genetic resources collection consisting of approximately 10,000 accessions in order to locate geographical areas that would be more likely to harbour drought-adaptation traits.
Predictive model -in silico prediction/evaluation and modelling framework
The modelling process refers to the context as well as the processes of use of limited evaluation data (y i , (x i1 ,…, x in )), with first N 1 accessions i = 1,.., N 1 as a training set, and testing the models on an unknown set (x i1 ,…, x in ) of accessions of which the predictive probabilities P(y i = 1|(x i1 ,…, x in )), i = N 1 + 1,.., N were compared to the actual evaluation data (y i ), i = N 1 + 1,.., N. This was then followed by extrapolating the prediction to all of the faba bean collection to locate areas where the drought traits were likely to occur. As the trait state is considered as tolerant or susceptible, Y is a binary trait and takes two possible values, either 0 (susceptible) or 1 (tolerant), and thus we adopt the logistic regression model for observation y i (of accession i) as
where β 0 is an intercept and β j are regression coefficients. Here logit p i ð Þ ¼ ln
ð j xi1;…;xin Þ which in turn leads to the mathematical expression
ð Þ that assumes a linear relationship between the logit of the probability of y i =1 and the climate variables. Logistic regression requires fewer prerequisite assumptions than multivariate regression analysis and relaxes the normality assumption of the response variable, as this may affect the Maurer (1994) a GRVM was used based on predicted probabilities of NB model to create the map performance of the models. In terms of predictions, the logistic regression model is used here to produce the probability of tolerance to drought, P(y i =1| x i1 , … ,x in ), as a result of the climate variables (Borsuk 2008 ). Here we used the Neural Network (NN) model as the generalization case of the logistic regression model, as a non-linear approach to overcome the problem of restrictive parametric paradigms on one hand and the prerequisite variable distribution assumptions requirements on the other (Drake et al. 2006) . We also used Naïve Bayes (NB) as a special case of logistic regression that uses Bayes's rule and conditional probabilities to determine the weights of the regression.
Neural networks (NN)
The structure of the neural network system consists of several machine processor (PE) units linked to communicate in a many-to-many manner, allowing computations to be conducted in parallel by these units independently from each other. This parallelism and high connectivity are the characteristics of NN that help in overcoming the restrictive assumptions that are usually required in the case of linear techniques. When all the neurons are interconnected, the system becomes an artificial neural network (ANN), which is a technique inspired by the biological structure of a neuron, with dendrites that receive impulses (input) and an axon that transmits impulses (output) (Marsland 2009 ). The neuron receives a set of numbers (a vector) (x 1 , x 2 ,…, x k ) as input and generates a number y as output. In this process each synapse, which acts like a junction, has a weight w i : (w i1 , w i2 ,…,w ik ). The ith neuron receives information as the weighted sum (x = w i1 x 1 + w i2 x 2 + … + w ik x k ) of the k inputs (x 1 , x 2 ,…, x k ), which in turn is passed through a discontinuous threshold sigmoid function non-linearly to obtain a new activation (new input) value, denoted by y = f (x) = f (w i1 x 1 + w i2 x 2 + … + w ik x k ) (Marsland 2009) . Numerous examples of a finite number of (X, Y) pairs of the trait-environment dataset are fed into a network in order to train it. There are different ways of feeding a network, and different types of neural networks that accommodate these different feeding methods. Different types of networks are used for different purposes, and in this study we used mainly the feedforward neural network where the information flows from the input nodes (x) via hidden node layers to the output nodes (y). This network is one of the Buniversal^approximation approaches to represent any continuous function as a combination of kernel or basis functions in the following linear form (Cherkassky and Mulier 2007) : 
Bayesian methodology
The Bayesian model uses a priori information about the parameters of the model in form of a probability distribution (prior probability) in combination with the likelihood of the data to generate a posteriori information (posterior probability distribution). In a Bayesian framework, a probability model is described by θ, that gives rise to a set of observations X obtained by random sampling. The posterior (predicted) probability given these observations is summarised by the equation combining the prior probability times the likelihood (Insua et al. 2012 ):
where f(X|θ), the likelihood function, is the probability of the data X for a given parameter θ and f(θ) represents the prior distribution. For a given set of observations X=( x i1 , …,x in ), the likelihood function may be computed as f Xjθ Cherkassky and Mulier 2007) .
To predict the values for the unevaluated accessions, we used the posterior predictive distribution based on the known value of θ
These posterior values were compared to the actual a posteriori evaluation for the test set of accessions evaluated but not used in the modelling process. As for the NN model, the Bayes model accuracy metrics were used to assess the agreement between the predictions and the measurements related to drought response.
NB is similar to linear approaches and requires variables to be independent. Climate features that tend to be dependent on each other will have an influence on the weights for the trait state membership, thus normalisation may be used to offset the influence of the weights (Rennie et al. 2003) . NB assumes the independence of variables, hence the word Bnaïve^, and when expressed in the logarithmic space it becomes linear as the log of a product is the sum of the log of the product factors. Thus, in NB, the decision analytic posterior probability ratio can be written as
which after taking the logarithm becomes.
Here f(x ij |θ,y i =1) as well as f(x ij |θ,y i =0) for each climate variable j and for each accession i is a one-dimensional normal density, which is easy to evaluate.
Tracing hot-spots for drought adaptation related traits using spatial statistics
To define the geographical areas or hotspots of genetic variation with a high probability of finding the desired drought trait or variation, we used the general regionalized variable model (GRVM) (Maurer 1994 ):
where (i) is the geographical site location, μ (i) is a deterministic trend over space, and ε (i) is a spatially dependent residual around the trend, with a mean of zero, variance σ 2 and a spatial covariance ρ.
Under the general regionalized variable model, both the variogram and the kriging approaches were combined to locate and investigate the spatial pattern of the distribution of the geographical occurrence of the trait. The variogram information is generated from sets of neighbouring sites that are correlated together or dependent on each other. If the sites are correlated in space, the difference between two random variables Z(s i ) and Z(s i + h) is expressed as a function of geographical distance h between the two sites and in this case provides a prediction of tolerance to drought in genetic resources collections. The variogram γ is expressed as the expected value of the squared difference between the two variables Z(s i ) and Z(s i + h), separated by a distance h (Cressie 1993):
where h is the lag, which is the Euclidean distance between any two locations. A typical variogram represents the spatial behaviour that can be detected from it as the constant (c 0 ), called the nugget variance, the range or distance (a e ), beyond which the sites are independent, and the sill (c e ), the maximum value reached at the distance (a e ). Here we used the exponential variogram model that applies when changes in boundaries are a major source of variation.
The delimitation of hotspots was conducted on the prediction of the entire faba bean germplasm collection (test set) in the NB model. After the appropriate variograms were defined, the maps were generated using kriging techniques (Cressie 1993) . To create maps we used the R module applied to irregularly spaced data (Diggle and Ribeiro 2007) where the correlation between sites is understood to be an exponential function of the distance.
Accuracy metrics
The assessment of the predictive power of the two predictive models (NN and NB) was based on a number of parameters derived mostly from the confusion-matrix table (Table 3 ) and the area under the curve (AUC) of the receiver operating characteristics (ROC) (Fawcett 2006) . The AUC accuracy metric assesses improvement over randomness based on the ROC curve. The Kappa statistic was used to assess improvement over chance and measures the specific agreement in the confusion matrix table (Landis and Koch 1977) . In addition to AUC and Kappa, we have used two other parameters, namely the overall correct classification (%) and the positive diagnostic likelihood ratio (LR+). The LR+ is a measure of the ratio of sensitivity over (1 -specificity) derived from the confusion-matrix table. LR+ indicates how much more likely the tolerance to drought outcome would occur in sites with the tolerance trait compared to those that do not harbour the trait of tolerance. The higher the LR+, the more likely is the site to yield the desired trait.
Results
After the tuning of the models and optimisation of the NN model based on the minimum overall error, 9 principal components PCs were used as the subset of predictors (Fig. 1) , while for NB all the original variables were used. The values of the accuracy and agreement model metrics achieved in the training set for the NN model were as high as 0.96 for AUC and 0.92 for Kappa, suggesting the presence of a pattern in the data (Table 4) . These metrics were marginally lower for the Bayesian model (Table 5) . The values obtained were adequate to suggest the presence of a trait-environment dependence and overall agreement. The AUC and Kappa values obtained from the test set by the NN model were nearly as high as those from the training set, while those from the NB model were occasionally observed to be even higher than those from its training set. The accuracy metrics is this study are likely to depend on the accession selection procedure, since it was designed to develop contrasting subsets. The results are thus in line with a crossvalidation procedure that confirms the membership of each accession to its group. The accession with the likely traits for drought belongs to the dry group, and vice versa, and the accession's membership based on environmental data is the same as that based on trait measurements.
The histogram (Fig. 2) illustrates further the specificity in terms of predicted probability with regard to the two trait states. The AUC, Kappa and graphs all illustrate that the two sets of accessions were able to be correctly assigned as either tolerant or susceptible, with a correct classification average rate ranging from 92 % to 96 % in the training set and 88 to 93 % in the test set (Tables 4 and 5 ). The results indicate that an accession assigned a score of tolerance based on the predictive model calibrated using climate data is also likely to be scored as tolerant by the genetic resources curator. Having more variables increased to some degree both the SD standard deviation, CI confidence interval Fig. 2 ROC plots (left) and density plots of prediction for tolerance and susceptible accessions (right) for the NN model using test set (300 accessions unknown to the model); the green (broken) curve indicates the probability density distribution for adaptation to drought and the red (solid) curve indicates susceptibility to drought accuracy values (AUC) as well as the percentage correct classification, but substantially increased the agreement values of Kappa. For LR + this increase was more for NB than for NN. In terms of environmental data, the accuracy and agreement metrics were all acceptable whether the dataset was extracted from world climate surface maps or from ICARDA surface maps. A value for AUC of 0.7 and above is an indication of presence of a pattern in the data with the possibility of a dependency between the trait and the environment. A value of Kappa of 0.4 and above is an indication of good agreement between the observed and predicted. There was a slight improvement using ICARDA climate data, although not for all the accessions, as it has more variables, in particular including the aridity index, which is here a derived variable as the ratio of precipitation over potential evapotranspiration (Table 4) . In terms of areas of high probability of locating the trait of adaptation to drought, the variogram (Fig. 3) shows an increase coupled with clear oscillations, indicating the non-linear pattern and periodicity of the geographical distribution pattern of the trait. Hot spots or areas that might yield traits of tolerance to drought are mostly the regions bordering the Mediterranean, the Nile valley and Afghanistan (Fig. 4) . The variogram periodicity with a hole-effect is an indication of irregular sampling and large-scale variance (zonal anisotropy, hole-effect) (Cressie 1993) . The hole-effect model in the vertical direction accounts for the periodicity that has been further checked with the boxplots of square-root (SQRT) or the variogram versus the distance (Cressie 1993) (Fig. 3) .
Discussion
As shown by the accuracy and agreement metrics of the two predictive models, there was an agreement between the predictions and the actual evaluation. This confirms the potential of possibly using model predictions to assign in silico evaluation values for unevaluated genetic resources or overlooked trait variation. This outcome will help to overcome the evaluation bottleneck, as there are around 7 million accessions in collections world-wide, representing thousands of years of selection and adaptation to different conditions, but lacking evaluation data for climate change related traits. In silico evaluation can thus increase the flow of useful genes into crop improvement by reducing the evaluation time and cost of assessing genetic resources for these traits. Further implications are an improved appreciation for genetic resources with regard to climate change and thus an increased perception of their value as a foundation for food security, and insurance to sustain agriculture in the face of global environmental threats (Gepts 2006) .
The results support the hypothesis that variation in a trait, such as adaptation to drought in faba bean by moisture regulation and phenology, driven by stochastic ecological and co- Likelihood of an area yielding traits of adaptation to drought is shown on a scale of blue (least likely) through green and yellow to orange (most likely), with dot size proportional to the probability of occurrence of the trait based on NB model predictions evolutionary processes, can be linked to environmental and climatic variables that determine moisture availability. This is in accordance with earlier and recent research showing that the environment influences gene flow, natural selection, and thus spatial and geographic differentiation displaying adaptive traits to different environments (Epperson 1990 , Henry & Nevo 2014 . The presence of pattern in the distribution of drought traits is also supported by the variogram. The increase and oscillations of the variogram are indications not only of nonlinearity but also periodicity of the geographical distribution, involving different potential hotspots for the traits. These areas are the regions bordering the Mediterranean and Afghanistan as centres of origin and diversity of faba bean. The variogram can help to indicate areas where traits may be found but also where accessions are yet to be sampled, taking into account the scale -dependence paradigm in MacArthur and Wilson's (1967) bio-geographical island theory. Thus, filling the gaps in genetic resources collections is possible by mounting targeted sampling missions.
Both the NN and NB models proved useful in the use of limited a priori information in prediction. Such techniques have been found suited for data with a large number of variables and the only limitation may be the range of environmental variables (Drake et al. 2006) . For both models collinearity may be an issue, hence the use of word Bnaïve^for the Bayes model. Their advantages overall are that they need few assumptions, they are suitable when highly complex non-linear relationships are expected among input variables (Tirelli et al. 2009 ), and they have the potential to yield better predictions when combined with fuzzy-based approaches (Kampichler et al. 2010) . While NNs mimic human reasoning to a degree, NB models deal with uncertainty by switching from an event's occurrence to its most likely cause, inferring that something will occur in light of previous experience. Laplace later developed this concept to its modern form, that the probability of measurements or observations can be associated with a phenomenon. The Bayes-Laplace inverse theorem, on the probability of causes in relation to their effects, in contrast to the probability of effects in relation to their causes (Fisher 1930) , has tremendously helped operational research and applied mathematics to assess evidence and re-combine new and possible information to cope with gaps and uncertainties in both data and knowledge (Huelsenbeck and Ronquist 2001; Tomassini et al. 2007; McGrane 2011) .
The presence of a distribution pattern in adaptive traits reflects the selection pressures of the environment under which the accessions evolved. This pattern in turn helped in assigning trait values of drought adaptation to the unevaluated accessions. The potential to use limited evaluation to explore larger PGR collections of thousands of accessions will improve the effectiveness and efficiency with which these resources can be used, and speed up this process in light of climate change. Gollin et al. (2000) demonstrated with modelling that the identification of material carrying a desirable trait is of equal importance to the process of transferring it into an improved background, because it reduces the time taken to develop improved cultivars.
Within these mathematical and conceptual frameworks of the use of limited a priori information, the in silico evaluation approach can also help in predicting key physiological traits that are difficult to measure (such as photosynthetic capacity) using a simple qualitative combination of plant trait characteristics that are easily measured (Bsoft^) and climate variables (Reich et al. 2007) . While the approach could be used as an effective tool for in silico evaluation and reduces the cost of evaluation, it will increase the chance of discovery of genes to sustain crop resilience to climate change. The availability of environmental data including newly derived climate variables also provides an opportunity to improve the use of genetic resources through the quantification of trait-environment relationships as a result of coevolutionary processes. Different sub-setting approaches can be explored, including selection of a random subset to compare with the subsets that are most and least likely to yield the desired traits.
Assessing genetic resources for traits related to climate change delivers also new information on how environmental change affects diversity and how such change may eventually lead to mitigation of climate change (Chown 2012; Song et al. 2013 ). This can be extended to identify areas that are not sampled and may harbour novel genetic variation with the potential of crops to withstand climate change. However, the methodology's potential use is in directing searches for desirable traits in collections already housed in genebanks.
